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Segmentation  of  cardiac  magnetic  resonance  imaging  is considered  an  important  application  in  clin-
ical practice.  An  automatic  algorithm  is proposed  for  segmentation  of both  endocardial  and  epicardial
boundaries,  in  long-axis  views.  The data  consisted  of  126  patients,  yielding  1008  traces.  Estimated  clinical
parameters were  highly  correlated  to  gold  standard  measurements.  The  error  between  the  automatic  trac-eywords:
ardiac magnetic resonance imaging (cMRI)
mage segmentation
mage registration
ong-axis views
ing  and  the  gold  standard  was  not  signiﬁcantly  different  than  the  error  between  two  manual  observers.
In conclusion,  a tool  for  segmenting  the  myocardial  boundaries  in  the  long-axis  views  is  proposed,  which
works well,  as  demonstrated  by the  validation  performed  using  a  clinical  dataset.
© 2013 The Authors. Published by Elsevier Ltd. Open access under CC BY-NC-ND license.yocardial segmentation
. Introduction
Among the existing medical imaging modalities, cardiac mag-
etic resonance imaging (cMRI) has attracted signiﬁcant interest
n the research and clinical communities, as the only imaging
echnique capable of acquiring all cardiac physiological measures:
ardiac structure, function, perfusion and myocardial viability. The
act that it does not use ionizing radiation plays an ever increasing
ole, particularly when pediatric or young patients are involved.
However, in clinical practice, each cMRI acquisition consists of a
tack of 6–14 cross-section short axis (SAX) slices of the heart, and
p to 50 such stacks, for the different phases of the cardiac cycle.
n addition, image sequences are frequently obtained for at least
 views – apical long axis, two-chamber (2CH) and four-chamber
4CH) views. The 2CH and 4CH planes have an intrinsic advantage
hat the atrioventricular valves and their motion during the cardiac
ycle, as well as the ventricular apices, are well visible. Whereas,
his localization of the valves is frequently difﬁcult in SAX planes,
ecause these structures are nearly parallel with the imaging plane.
n addition, in these planes the effects of through plane motion, are
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Open access under CC BY-NC-ND lfar less pronounced than the through-plane motion occurring at
the basal part of the ventricles in SAX views [1].
Important clinical parameters can be estimated using these
planes. The most commonly used 2D measurement for volume
measurements is the biplane method of disks (modiﬁed Simp-
son’s rule) and is the currently recommended method of choice by
consensus of the cardiology committee [2]. This method requires
tracing the endocardial border in 2CH and 4CH views. Left ventri-
cular (LV) volume can be also measured using stack of SAX images,
this volumetric approach has superior reproducibility and accu-
racy in comparison with the biplane method of disks, but has
the disadvantage of being more time-consuming for both image
acquisition and post processing. Other clinically important phys-
iological parameters, such as wall motion, wall thickness, wall
thickening, and ventricular volume, require also delineation of the
LV endocardial and epicardial contours in 2CH and 4CH views. A
combination of long-axis and SAX images, for instance, whereby
short-axis information is used for the main, central part of the
left ventricle and the long-axis information is used for assessment
of the apical and basal part of the left ventricle, may be a good
alternative. However, fusion of this information is still quite chal-
lenging.
Manual delineation of all images may  involve hundreds of con-
tours per patient, thus analysis of these images is an extremely
time-consuming and tedious task. Furthermore, manual segmenta-
tion is subjective and is prone to inter and intra-observer variability.
Therefore, development of automatic systems to analyze these
images and enable derivation of clinically useful information is
highly desirable.
icense.
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oFig. 1. Small structures-marked by black arrows
Many of the fully automatic methods fail to produce accurate
yocardial contours near the papillary muscles and the trabecu-
ae. The papillary muscles project from the ventricular walls into
he LV cavity, are roughly conical in shape, and they anchor and
ull the heart valves. The trabeculae consist of bands of muscles
ining the inside of the ventricles. The function of the trabeculae is
o reduce the turbulence of blood during systole. These structures
an be seen in Fig. 1. These protrusions are possibly one of the rea-
ons for variability among the various methods in the estimation
f clinical parameters based on cMRI, due to inclusion or exclusion
f the trabeculae and/or the papillary muscles of the LV [3].
Following clinical convention, the papillary muscles and trabec-
lae are required to be surrounded by the myocardial contour to
llow for accurate measurement of the physiological parameters
2]. This requirement complicates the segmentation, since no local
mage feature can be used to distinguish the papillary muscles and
rabeculae from the myocardium.
The aim of the study was to develop and validate a new method
or segmentation of the LV endocardium and the epicardium in 2CH
nd 4CH planes. This method would overcome the obstacles men-
ioned above. The method is based on a combination of a shortest
ath algorithm and a non-rigid registration, to detect automatically
oth the epicardial and the endocardial boundaries on long-axis
ardiac sequences, spanning the entire cardiac cycle. The method
xploits the geometric shape of the endocardium to separate the
apillary muscles and trabeculae from the myocardial wall, thus
vercoming this complex problem. The method was validated on
 clinical dataset, by comparing its results to manual segmenta-
ion performed by experienced observers (which served as the true
old-standard).
. BackgroundIssues concerning segmentation of medical cardiac images
ave been reported in numerous publications. A brief description
f the previous studies of cardiac segmentation and tracking isrow: papillary muscles. Second row: trabeculae.
provided below. Current cardiac segmentation methods may  be
classiﬁed into four groups: model based segmentation methods,
deformation based methods, image based methods and registration
based methods.
Model based segmentation methods: These methods require
constructing a model, based usually on the statistics of clinical
measurements. The model should be deformed to wrap around
the boundary of the particular unnoticed data that should be seg-
mented.
A popular group of statistical models are Active Appearance
Models (AAMs) [4]. An AAM exhibits two  features of the datasets,
shape and texture. The ﬁrst step is creating the model from a train-
ing set. For that purpose, a set of landmarks in each member of
the dataset in the training set has to be identiﬁed. Landmarks are
points that can be identiﬁed in all the members of the dataset and
thus are very useful for ﬁnding correspondences. Then, the ﬁnal
step is matching the model with the test set. These models were
ﬁrst presented by Mitchell et al. [5] and Stegmann et al. [6,7]. These
methods were developed and tested only on a single cardiac phase
(e.g. an end-diastolic (ED) frame), rather than on the entire car-
diac cycle. Additional studies reported on combining AAM with
Active Shape Models (ASM) to yield a hybrid model [8–10]. How-
ever, these methods are proved to be more robust but lose the
beneﬁt of being user-independent. They require a huge number of
manually annotated datasets which is a time consuming task. Sta-
tistical shape modeling (SSM) of spatio-temporal inter-landmark
relationships is performed to enable the decomposition of global
shape constraints and subsequently of the image analysis tasks
[11]. Although proven to be robust against artifacts and noise, this
method has the problem of over-ﬁtting and limited generalizability.
For cardiac segmentation of patients with hypertrophic cardiomy-
opathy, for example, different myocardial segments can have
signiﬁcant changes in thickness, leading to much more compli-
cated LV endocardium, which is difﬁcult to be captured by SSMs. In
such cases, the SSMs’ tendency to constrain the shapes toward the
training data causes the derived contours to deviate away from the
5 l Imaging and Graphics 37 (2013) 500– 511
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Table 1
Acquisition details.
Parameter
Num. of cines 252
Num. of images per cine 16–40
Slice thickness (mm)  6–10
Echo time (ms) 0.97–2.20
Flip angle (degrees) 45–8402 Y. Tsadok et al. / Computerized Medica
ctual target borders. In practice, the incorporation of patient data
uring SSM training is difﬁcult, as the patient anatomy tends to
ary substantially between subjects.
Deformable based segmentation methods: Active contours
12] or snakes have often been used for processing of medical
mages. The active contour deforms its shape according to inter-
al and external forces. The internal force causes the contour to
ecome smooth, whereas the external force leads the contour
oward the object to be segmented in the image. Thanks to their
exibility, many variations and extensions of the original algo-
ithm were proposed. A comprehensive survey of these approaches
nd their medical application is given in [13]. This representa-
ion often produces slowly converging algorithms that are quite
ensitive to initial conditions and parameterization. The contrib-
tions regarding ventricle segmentation using deformable models
ave mainly dealt with the design of the external force term.
egion-based terms, which are based on a measure of the region
omogeneity, have been introduced [14]. These models are initi-
ted by gradients and thus sensitive to noise.
Volumetric modeling is useful for tracking the LV cavity over
ime, using a biomechanical model to constrain the segmentation
15]. These semi automated methods are usually initialized with
D contours manually obtained on the ﬁrst phases or a modiﬁca-
ion of the parameters by the operators during the process [16].
he mesh is then deformed using an image force and an internal
orce derived from the biomechanical model as the regularizing
erm. Segmentation over the whole cardiac cycle is then obtained
y minimizing an energy that couples the volumetric model defor-
ations and the image data. Fradkin et al. [17] introduced a similar
orkﬂow but used segmented long-axis contours to initialize the
eformable templates in the relevant SAX slices, but this method
as validated only in end-diastolic phase.
Image based segmentation methods: This class of methods
mploys speciﬁc features of the images, such as edges, texture,
ntensity values or geometric features like shape and area, as part
f the segmentation of the objects within the images. Several
echniques utilized these classes of methods, including thresh-
lding, described in [18–20], and/or dynamic programming (DP)
21,22]. These methods require manual user intervention, and do
ot provide a solution to the problems described in the previous
ection – regarding the segmentation of the papillary muscles and
rabeculae.
Other techniques were developed for the segmentation of the
yocardium in short axis views, e.g. wavelet-based enhancement
23] or gradient values methods [24], which include the papillary
uscles and trabeculae within the myocardium.
The inherent disadvantage of region and edge based approaches,
hen applied to cardiac images, is that the objects that need to be
egmented, the epicardium and endocardium, do not always have
nique characteristic, as intensity, texture or shape. This deﬁciency
ould lead to inaccurate segmentation results.
Registration based methods: Atlas-guided registration is used
o register the labeled atlas, which describes the different structures
resent in a given type of image, onto the image to be segmented,
nd then apply the obtained transformation to the atlas, so as to
btain the ﬁnal segmentation. Segmentation can thus easily be
ropagated throughout the cardiac cycle using the same princi-
le [25]. Lorenzo-Valdes et al. [26] used a probabilistic atlas, to
nitialize the parameters of an Expectation–Minimization (EM)
lgorithm. The segmentation obtained after convergence of the
M algorithm is reﬁned thanks to contextual spatial information
odeled through Markov Random Fields. However, this approachequires several minutes for a single time frame. Jolly et al. [27–29]
roposed a fully automatic algorithm that combines deformable
egistration which was computed according to [30] and segmen-
ation. The main idea is to use an inverse consistent deformablePixel spacing (mm)  0.70–2.18
Trigger time (ms) 0–71.28
registration to register all phases in one slice to the ﬁrst phase.
Then, the segmentation algorithm can be applied to any phase and
the contours in the other phases can be recovered through the for-
ward and backward deformation ﬁelds. This method was developed
and validated only against SAX datasets.
The method proposed in the current study, combines a segmen-
tation of a single frame (ﬁrst frame of the sequence) via shortest
path technique and then propagates the contour points throughout
the entire sequence using non rigid temporal registration applied
on subsequent frames.
Importantly, a segmentation algorithm for long-axis views (e.g.
4CH and 2CH views) needs to comply with several requirements:
First, it should be able to process, and overcome the problem of
small structures, e.g., the papillary muscles and the trabeculae.
Second, it should detect both the endocardium and epicardium
throughout the entire cardiac cycle (i.e. all frames of the cMRI cine
loop). Third, a large dataset is needed to be used to validate the
proposed segmentation algorithm. Forth, a gold-standard, based
on manual tracing of the endocardial and epicardial boundaries,
should be constructed in order to test the performance of the
algorithm. Fifth, the proposed algorithm should be automatic or
independent of user input, in order to reduce processing time and
provide reproducibility and lower inter and intra-observer variabil-
ity.
At present, there are no segmentation methods that comply
with all these 5 requirements. In the present study, a method is
presented that attempts to comply with these requirements.
3. Methods and procedures
3.1. Cardiac MRI  datasets
The data used in the present study was obtained at two  ortho-
gonal cross-sections per phase, 2CH and 4CH. Each data sequence
was  acquired as 2D + time apical cine slice using ECG gated cine
cMRI. The data consisted of clinical exams of 126 patients with
suspected cardiac disease. The datasets were obtained from two
sources: 26 patients were obtained from the Oslo University Hos-
pital, Rikshospitalet, Oslo, Norway and dataset of 100 patients were
obtained from the DETERMINE [31] cohort. This data was ran-
domly selected from the Cardiac Atlas Project (CAP) database [32].
All images were acquired using the steady state free precession
protocol (SSFP) and 1.5 Tesla MRI  scanners from different ven-
dors. Detailed description of the acquisition parameters is listed
in Table 1.
The ﬁrst database (26 patients) included also a manual
delineation of the endocardial and epicardial boundaries by 2 expe-
rienced observers. These boundaries were traced independently
by two experts in a blind fashion. The resulting contours have
been averaged using the approach described in [33]. This procedure
is based on establishing one-to-one correspondence between the
points constituting the two  curves. Then, the ‘gold standard’ curve
passes through the middle (center of mass) of each corresponding
pair. As a result, large disagreement between the two experts in one
region will not affect the other regions. This method was  also used
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Fig. 3. Step 2: initial ellipse (green line) at the center of the left ventricle (greenFig. 2. Algorithm workﬂow.
o calculate the segmentation error, as will be described in Section
.4.
For the second source of database (100 patients from CAP),
he boundaries were deﬁned by an expert-guided interactive cus-
omization of a ﬁnite element heart model, using the Cardiac Image
odeller (CIM) software (AMRG, Auckland, New Zealand). This
oundary deﬁnition is based on a 4-D mathematical model, which
as registered to stack of SAX sequences. These sequences were
anually segmented apriority. Next, an expert was required to
eﬁne the surface of the registered model using the interactive
uide-point modeling technique (CIM software). Finally, the inter-
ection of the registered model and the relevant long-axis images
as determined to obtain the boundary traces for these datasets.
his method has been previously validated in [34].
All these traces were obtained at ED and end-systolic (ES)
hases, in 2CH and 4CH views, and were used as ground truth
‘gold standard’) construction. These frames were deﬁned by an
xpert prior to the manual tracing by the experts, as deﬁned above.
hese frames where also segmented by the proposed segmentation
lgorithm (as well as all other frames of the sequence). Thus, iden-
iﬁcation if the ED and ES times by the computer was  unnecessary.
The algorithm workﬂow is described in Fig. 2. First, the user
arked two points on the mitral valve’s left and right hinge points
orners (MVHPs) at the ED image (ﬁrst frame). Next, segmentation
f the endocardial boundary was applied to this frame. This step
s followed by segmentation of epicardial boundary. The ﬁnal step
s performing a non-rigid registration between successive frames
n order to track the segmenting curve over the entire cine. These
teps are described below.
.2. Segmentation of the endocardium and epicardium at the end
iastolic phase
The ﬁrst stage of the algorithm is segmentation of the frame at
he ED phase, which usually is the ﬁrst frame of the stored cMRI
equence. At this phase, the myocardial muscle is relaxed, and
he papillary muscles and trabeculae are more distinctive. Hence,
xclusion of these structures could be done more accurately.
Segmentation of both the endocardium and epicardium is based
n the same idea: ﬁnding a minimal path through a weighed map
hat represents the edges in the image.
.2.1. Segmentation of the endocardium
The following steps describe the algorithm of the endocardial
egmentation:I. Image smoothing was performed using a bilateral ﬁlter [35]
(ﬁlter half-width = 9 mm,  standard deviation in coordinate
space = 9 mm,  standard deviation in intensity space = 0.05) tocircle). The red points mark the mitral valve hinge points. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version of
the article.)
reduce noise while preserving the edges. Then, Canny edge
detector was applied to this image (ﬁlter half-width = 16 mm,
Hysteresis high threshold was relative to the highest gradient
magnitude within the image, low threshold was 40% of the
high threshold, sigma was
√
2).
II. A basal middle point was  deﬁned between the left and right
MVHPs, and then an approximated location of the apical point
was  deﬁned at the intersection of the vertical line emerging
from the basal middle point, and the nearest edge that the
vertical line crossed.
III. Then, an initial ﬂattened ellipse was  deﬁned at the center of
the above vertical line. This step is shown in Fig. 3.
IV. Radial lines were constructed, originating from the initial
ellipse, toward the LV cavity edge – the endocardium. These
radial lines are perpendicular to the ellipse and have a ﬁxed
length of 25 mm.  Radial lines which pass between the two
MVHPs toward the left atrium were excluded. Gray level inten-
sity was interpolated by cubic spline interpolation along each
radial line. Then, an image was  constructed by stacking the
lines, where each row of the image is a radial line. This process
described in Fig. 4.
V. For the ﬁrst and last rows of this image (interpolated polar
image) the peak intensity gradients were detected.
VI. Weighted map  was built using Canny edge detector, which
was  applied to the above image. Weights were determined
according to the gradient magnitude in the detected edges.
Edges with positive horizontal gradient were weighted as zero.
VII. Fast Marching Method (FMM)  [36] was  applied to the
weighted map  to obtain a distance map, and then
“Runge–Kutta” scheme was  used to trace the shortest
path between the two  gradient peaks, which were detected
in step IV.
VIII. Converting back the shortest path coordinates to image
coordinates system was performed. This trace marks the endo-
cardial boundary.
The process outlined in steps V–VII is depicted in Fig. 5.
Although the shape of the ventricle is not circular, it is a reason-able assumption that the endocardial boundary is ellipsoid, in case
where the papillary muscles (PM) and trabeculae are excluded from
the myocardium. The purpose of the assumption in step III above
is to obtain a good separation at the end of the process between
504 Y. Tsadok et al. / Computerized Medical Imag
Fig. 4. Step 3: convert image to polar system. Left: radial rays marked by white
lines originate from the initial ellipse. Dark blue and light blue lines are the ﬁrst and
last  rays interpolated in the image, respectively. Red arrows mark the coordinate
s
t
o
e
t
i
b
p
b
a
e
c
o
w
f
F
t
t
n
t
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he  references to color in this ﬁgure legend, the reader is referred to the web  version
f  the article.)
ndocardial edges and PM and trabeculae edges on the polar image
hat was constructed in step IV.
Transforming the image to polar representation provides an
mportant advantage, since in this representation the endocardial
order obtained the shape of a vertical line, speciﬁcally near the
apillary muscles, where the line of segmentation has to cross
etween the papillary muscle and the endocardium. This desir-
ble path is also the shortest one, which connects the start and
nd points, which were detected in step IV.
Since it was assumed that the gray-level intensity at the LV
avity is usually higher than at the myocardium, in step V above
nly edges with negative horizontal gradients were given non-zero
eight. This property of the weighted map  means that it is possible
or the shortest path algorithm to track only the path along the
ig. 5. Steps 5–7: boundary detection using FMM.  Left: green lines marks the edges
hat were detected by Canny detector and have a negative horizontal gradient in
he  grayscale polar image. Red line is the shortest path traced by FMM. The PM
ote  marks the papillary muscle. Right: the red line is the result shortest path after
ransforming back to image coordinate system. (For interpretation of the references
o  color in this ﬁgure legend, the reader is referred to the web version of the article.)ing and Graphics 37 (2013) 500– 511
edge between the papillary muscle and the endocardium, as seen if
Fig. 5. Weighting the horizontal edges with zero value prevents the
shortest path algorithm from detecting wrongly the edge between
the LV cavity and the papillary muscle. This undesired edge is
marked by a black vertical arrow in Fig. 5 (left side). It can also be
seen in Fig. 5, on the left side, that although part of the inner side
of the papillary muscle was  detected by the Canny detector (green
line), the shortest path crosses correctly between the papillary
muscle and the endocardium (the inner layer of the myocardium).
3.2.2. Segmentation of the epicardium
Once the segmentation of the endocardium was completed, the
epicardium could be segmented in the same (ﬁrst) frame of the
cine. The steps of the algorithm are the same as steps III–VII of the
endocardial segmentation, with few modiﬁcations:
I. In step III, the radial lines originate from a convex curve cre-
ated by applying a convex hull algorithm [37] to the endocardial
boundary, which was detected in the previous steps.
II. No edges are deleted in step 5.
3.3. Tracking of endocardial and epicardial points
The second stage of the algorithm included tracking of the endo-
cardial and epicardial points, which were detected in the ﬁrst frame
of the MR  cine, along the whole cine. The tracking was based on a
motion ﬁeld derived by an image registration procedure between
subsequent frames. Each frame of the cine was  warped to best
match its subsequent frame, and then this warping ﬁeld was  used to
determine the location of the points in the registered frame. Since
the object to be registered was  assumed to be elastic, a non-rigid
registration technique was chosen to warp the frames. The non-
rigid registration method is described in [38]. In short, the authors
proposed a hierarchical transformation model which was  meant
to capture the global and local motion of the object. The global
object motion was modeled by an afﬁne transformation, while the
local object motion was described by a free-form deformation (FFD)
based on B-splines. This combined transformation, say T, has been
formulated as:
T(x, y) = Tglobal(x, y) + Tlocal(x, y) (1)
The global motion model described the overall motion of the heart
and its surrounding tissues. A general class of transformation was
selected for modeling this motion – an afﬁne transformation, which
has 8 degrees of freedom. The local deformation of the heart was
described via an FFD model, based on B-splines. The basic idea of
FFD is to deform an object by manipulating an underlying mesh of
control points. The resulting deformation produces a smooth and
continuous transformation. The FFD can be written as product of
1-D cubic B-splines:
Tlocal(x, y) =
3∑
l=0
3∑
m−0
Bl(u)Bm(v)i+l,j+m (2)
where i+l,j+m are control points and Bl represents the lth basis
function of the B-spline
B0(u) =
(1 − u)3
6
B1(u) =
3u3 − 6u2 + 4
6
3 2B2(u) =
−3u + 3u + 3u + 1
6
B3(u) =
u3
6
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he mesh of control points act as parameters of the B-spline
FD and the degree of non-rigid deformation, which can be
odeled depending on the resolution of the mesh. In order to
et the best tradeoff between the degree of non-rigid trans-
ormation required to model the motion and its computational
ost, the authors in [38] implemented a hierarchical multi-
esolution approach, in which the resolution of the control mesh
as increased, along with the image resolution, from coarse to
ne.
The non-rigid registration was conﬁgured with the following
ettings: 4 pyramid levels, similarity metric was the squared pixel
istance, spacing between control points in the ﬁnest level was
 pixels. Once the transformation ﬁle was computed for each
rame, the displacement of the endocardial points between sub-
equent frames could be computed through the transformation
unction.
.4. Algorithm validation and statistical analysis
The proposed algorithms for segmentation and tracking were
alidated against a ‘gold standard’ This comparison was done for a
elatively large number of clinical cases, to test the hypothesis that
he segmentation output from the proposed algorithms was  not
tatistically different from the gold-standard. An example of ‘gold
tandard’ traces is shown in Fig. 6.
The second step included evaluating the algorithm results
gainst the ‘gold standard’. The evaluation was done in two  ways:
rst the clinical parameters, derived from the boundaries were
ompared, and then the boundaries themselves were compared.
he derived parameters were the end-diastolic volume (EDV) and
he end-systolic volume (ESV), Stroke Volume (SV) – the volume of
lood pumped from the LV at each beat, and the Ejection Fractionation, generated by averaging two manual tracings.
(EF), the fraction of the blood pumped out of the LV, deﬁned
as:
EF = ED − ES
ED
(3)
These volumes were calculated according to biplane method of
disks (modiﬁed Simpson’s rule), in the apical 4CH and apical 2CH
views. To assess the error of these parameters, the absolute differ-
ence was used between the measured parameters (based on the
segmentation) and the ‘gold standard’ parameters. The accuracy of
measuring these clinical parameters is one of the clinical goals of
the image segmentation.
In order to compare the segmentation error directly, corre-
sponding points on the given curves (manual contours drawn
by the two observers, the ‘gold standard’, and the automati-
cally drawn contours) had to be established. This process was
performed according to the methodology proposed in [33]. The
authors proposed an algorithm which iteratively reﬁnes an initial
correspondence, by intersecting the original curves with lines per-
pendicular to an average curve calculated from the corresponding
pairs of the previous iteration. Once the corresponding points on
both curves were established, mean absolute distance −Errormean
was  used, to estimate the error between the curves.
The segmentation errors were summarized, in term of
mean ± standard deviation, for eight groups according to their loca-
tion, phase and view. The errors were calculated between the
automatic segmentation and the ‘gold standard’ tracing (ı1) and
between the two manual tracings of 26 patients from the ﬁrst
dataset source (ı2), which was  used for inter-observer variabil-
ity assessment. The comparison between ı1 and ı2 was evaluated
using paired two-tailed Student’s t test. P values <0.01 were con-
sidered statistically signiﬁcant. The goal was  to achieve ı1 which
would at least not be signiﬁcantly larger than ı2. Bland–Altman
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Table 2
Absolute error of the clinical parameters.
Absolute error (ml) Correlation
coefﬁcient (r)
EDV (ml) 8.51 ± 6.89 0.985
ESV (ml) 6.83 ± 5.80 0.982
a
a
m
s
4
4
i
4
t
a
r
a
r
m
E
a
b
m
b
T
M
t
T
CSV  (ml) 10.11 ± 6.94 0.941
EF  (%) 4.45 ± 3.11 0.962
nalysis [39] (bias between the two methods, as well as the upper
nd lower 95% limit of agreement) was used to assess the agree-
ent between the clinical parameters.
The statistical analysis was performed using SPSS software (ver-
ion 21.0, SPSS Inc., Chicago, IL, USA).
. Results
.1. Segmentation of the entire cardiac cycle
An example of segmentation of an entire sequence is depicted
n Figs. 7 and 8, for the 4CH and 2CH views, respectively.
.2. Clinical parameters
Table 2 summarizes the absolute errors of the clinical parame-
ers. Fig. 9 shows the strong correlation between the ‘gold standard’
nd the measured parameters provided by the segmentation algo-
ithm. These results demonstrate the accuracy of the method in
ssessing important clinical parameters. These parameters are cor-
elated well with the ‘gold standard’ parameters.
Correlations between the reference myocardial volumes and the
easured volumes were r = 0.985 and r = 0.982 for ED volume and
S volume, respectively, as noted in Fig. 9.
The Bland–Altman plot depicted in Fig. 10, which compares
ll the clinical parameters determined by the ‘gold standard’ and
y the segmentation algorithm, shows a good level of agree-
ent, without systematic overestimation or underestimation. Bias
etween the methods (mean inter-method difference) was 7.26 ml,
able 3
ean and standard deviation of tracing error between manual tracings (ı1) and betwee
-test.  endo., endocardium; epi., epicardium, ED, end diastole; ES, end systole.
ı1 (N = 126) (mm)
2-Chamber
ED endo. 1.07 ± 0.39 
ED  epi 0.93 ± 0.32 
ES  endo. 1.43 ± 0.48 
ES  epi. 1.24 ± 0.42 
4-Chamber
ED  endo. 1.04 ± 0.39 
ED  epi 0.96 ± 0.30 
ES  endo. 1.63 ± 0.71 
ES  epi. 1.29 ± 0.38 
able 4
omparison with previous studies. Mean and standard deviation of the segmentation err
View Nb Subj. 
Casta et al. [43] SAX 15 
Wijnhout et al. [44] SAX 15 
Lu et al. [45] SAX 15 
Marak  et al. [46] SAX – 
Constantinides et al. [47] SAX 30 
Jolly  et al. [28] SAX 30 
Huang  et al. [48] SAX 30 
O’Brien  et al. [49] SAX 30 
Current study 2CH 126 
Current study 4CH 126 
a No standard deviation provided. SAX, short axis; 2CH, two-chamber; 4CH, four-chaming and Graphics 37 (2013) 500– 511
−2.63 ml,  9.89 ml, 3.96% and the standard-deviation of the differ-
ences was 8.21 ml,  8.58 ml,  7.25 ml  and 3.72% for EDV, ESV, SV and
EF, respectively.
4.3. Segmentation error
The segmentation results were validated by comparing them to
the ‘gold standard’ boundary tracing. First the two  manual tracings
were compared (ı2) in order to establish an inter-observer variabil-
ity, then the automatic segmentation was  compared to the ‘gold
standard’ (ı1). The mean and standard deviation of the mean abso-
lute distance of these groups are depicted in Table 3. Comparisons
were made in sub-groups at different cardiac phases and acquisi-
tion views. Table 3 shows clearly that the segmentation error is not
higher than the inter-observer error and these two error groups are
not signiﬁcantly different.
Table 4 shows the spread of the segmentation error reported by
previous studies that participated in the MICCAI’09 challenge using
dataset from Sunnybrook Health Sciences Centre, and the error of
the current study.
5. Discussion and conclusions
An accurate and robust segmentation method was  developed
and validated. This method provides a fully automatic segmen-
tation of both endocardial and epicardial boundaries in 2CH and
4CH apical views throughout the entire cardiac cycle. The proposed
algorithm complied with all the ﬁve requirements listed at the end
of the second section in this paper.
The importance of having an objective and automatic tool is
signiﬁcant, a tool that would trace the myocardial boundaries and
assess LV function as correctly as an expert. Many clinical decisions
and guidelines are based on these evaluations, and this tool could
save a lot of time in the clinical practice, with more objectivity and
no loss of accuracy.
The major difﬁculty of segmentation of cardiac images is the
handling of the papillary muscles and trabeculae, as described in the
ﬁrst section. While these structures can be more easily separated
n automatic segmentation and gold-standard (ı2). p-Value provided by Student’s
 ı2 (N = 26) (mm) p-Value  ˛ = 0.01
1.16 ± 0.25 0.22
1.07 ± 0.30 0.04
1.19 ± 0.33 0.02
1.01 ± 0.34 0.02
1.16 ± 0.32 0.17
1.06 ± 0.73 0.19
1.33 ± 0.32 0.04
1.09 ± 0.31 0.02
or.
Mean errors – endo. (mm) Mean errors – epi. (mm)
2.72a –
2.29a 2.28a
2.07 ± 0.61 1.91 ± 0.63
3 ± 0.59 2.6 ± 0.38
2.04 ± 0.47 2.35 ± 0.57
2.26 ± 0.59 1.97 ± 0.48
2.06 ± 0.39 2.11 ± 0.41
3.73a 3.16a
1.25 ± 0.47 1.09 ± 0.40
1.33 ± 0.64 1.13 ± 0.38
ber.
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Fig. 7. Whole sequence segmentation in 4CH view. Only each second frame is shown (the whole sequence includes 30 frames in this case).
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Fig. 8. Whole sequence segmentation in 2CH view. Only each second frame is shown (the whole sequence includes 30 frames in this case).
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Fig. 9. Measured clinical parameters against gold-standard.
Fig. 10. Bland–Altman plot represents the agreement between the clinical parameters determined by the ‘gold standard’ and by the segmentation algorithm. Black solid
horizontal line denotes the bias (mean inter-method difference) and dotted horizontal lines depict the 95% limits of agreement (1.96 times the SD around the mean difference).
5 l Imag
f
a
T
m
T
E
t
b
t
d
d
b
t
b
f
b
i
s
f
d
d
i
i
r
o
I
t
n
I
m
w
i
w
H
s
d
o
d
a
(
I
t
t
M
b
s
e
w
s
‘
t
t
t
u
a
t
t
e
v
t10 Y. Tsadok et al. / Computerized Medica
rom the myocardium at the ED phase, they are barely separable
t the ES phase, when they are more attached to the myocardium.
herefore, segmenting each frame separately and independently
ight cause inaccurate results and inconsistent motion in time.
herefore, it is preferable to perform the segmentation at the
D frame and then track the endocardial and epicardial curves
hroughout the cardiac cycle. However, tracking the myocardial
oundaries is not a trivial task due to two main reasons: First,
he motion of the myocardium is very complex and to a certain
egree unpredictable, especially in cases where abnormal and para-
oxical motions occur (e.g. in acute myocardial ischemia). Second,
ecause most of the pixels on the boundaries are not unique fea-
ures, the “aperture problem” for locally straight boundaries might
e a major difﬁculty for pixel based tracking techniques. There-
ore, these methods are not suitable for tracking the myocardial
oundaries.
The recursive coarse-to-ﬁne strategy that was used in the reg-
stration step provides the ability to handle large motion between
uccessive frames. This kind of motion could be a result of several
actors: low frame rate acquisition, high heart rate during car-
iac stress test, cardiac arrhythmias and relatively high motion at
iastole. Furthermore, this strategy provides a sub-pixel resolution
n the ﬁnest level of the pyramidal implementation (the original
mage level), which has been demonstrated to provide good accu-
acy.
Some of the earlier cMRI segmentation studies did not rigor-
usly test their segmentation methods against manual estimates.
nstead, they compared the LV cavity areas or volumes derived from
he detected boundaries [40]. Area and volume measurements are
ot sensitive metrics for errors in locating particular border points.
nward and outward radial errors might cancel each other when
aking estimates of cavity area or volume. There could be cases
here these automatic segmentation-based parameters were sim-
lar to the manually measured parameters, but the boundaries from
hich these measurements were derived did not agree well [33].
ence, comparing the boundaries directly should provide a more
tringent evaluation of the segmentation scheme.
While most of the methods reported in the literature were
eveloped and validated only for short axis datasets, segmentation
f long-axis view is challenging as well. The shape of the endocar-
ial and epicardial boundaries varies signiﬁcantly between patients
nd depends on the acquisition orientation and cardiac condition
e.g. ventricular remodeling in post myocardial infarct patients).
n addition, the segmented contour is an open curve, which has
o begin at one hinge point of the mitral valve and pass through
he myocardial boundary until the other hinge point of the valve.
oreover, the presence of papillary muscles and trabeculae varies
etween scans and degrades the robustness and accuracy of the
egmentation algorithm.
The method presented here was shown to be able to accurately
valuate clinical parameters and to provide results which correlate
ell with the ‘gold standard’ parameters. In addition, the results
how a signiﬁcantly smaller error between our method and the
gold standard’, in comparison to the error between the manual
racings. Although repeatability was not tested it this study, the fact
hat the method is an automatic one, inherently provides the ability
o obtain higher repeatability, and to obtain consistent results.
Quantiﬁcation of these clinical parameters can be estimated
sing multiple rotating long-axis slices, which are long-axis slices,
cquired using several slices rotating in angular increments around
he anatomical LV long-axis. This approach is more accurate, more
ime-efﬁcient and more reproducible, due to low susceptibility to
rrors induced by segmentation error of the slices close to the mitral
alve and apex [41].
The proposed method could probably be extended to handle
his kind of data using non-rigid spatial registration between twoing and Graphics 37 (2013) 500– 511
subsequent rotating slices. This issue was not addressed in the
present study. Speciﬁcally, the segmentation curves of the ﬁrst
frame of one slice can be propagating to the subsequent rotated
slice using the non-rigid registration algorithm that was  described
in this work (Section 3.3). In this case, the ﬁrst stage of segmenting
the endocardium and epicardium in the ﬁrst frame is not required.
This registration between two subsequent rotating slices should
work only if there are not anatomical differences between the
slices (e.g. the LV blood pool and myocardium are both visible on
both slices).
The accuracy of the method is a result of successfully dealing
with the papillary muscles and trabeculae. These structures are
not always taken into account and might distort the evaluation of
the clinical parameters. Although LV volume measurements can be
computed more accurately, e.g., using stack of SAX cross-sections,
still, in cases where only long-axis sequences are available for anal-
ysis, volume measurements could be estimated using the biplane
method of disks (modiﬁed Simpson’s rule) [42]. This could be the
case for patients who are unable to complete a more extensive SAX
cardiac MRI  examination, such as the critically ill or orthopneic
patient, or those with claustrophobia or arthritic conditions who
are unable to lie supine for extended periods.
Fig. 9 depicts some patients that have low clinical values of
the parameters. The reason is because the patients from the CAP
database (the second source of datasets) have a wide range of global
function. These patients have coronary artery disease and LV dys-
function and some of them are at risk for sudden cardiac death.
The reference global parameters of these patients were calculated
based on multiple SAX views, hence, referred to be accurate.
Table 4 shows that when comparing to previous studies
[28,43–49], which were tested on a different source of database,
the proposed method obtains better results. On the other hand,
these studies were tested only on SAX datasets and for a smaller
number of cases.
The proposed approach has few limitations. First, the pyramidal
implementation of the registration algorithm increases the compu-
tation complexity and may  last up to several minutes. This limits the
use of the algorithm to off-line post processing. Second, the method
requires manual marking of two  points on the mitral valve’s left
and right hinge points at the ED image, as describes in Fig. 2. This
step of detecting the MVHP could be done automatically using the
method proposed in [50]. While this minimal user intervention may
consume time in the clinical practice (only few seconds per view),
this intervention takes signiﬁcantly less time than manually tracing
the whole myocardium, and it does not modify the segmentation
results. Marking these points is required only for second step of the
endocardial segmentation, i.e., for the ellipse construction. The rest
of the algorithm proceeds completely automatically.
Third, poor image quality or image artifacts, e.g. motion artifacts,
may  lead to inaccurate segmentation of the ﬁrst frame, speciﬁcally
in low contrast regions.
We believe that tracking the boundary points through the
sequence is possible only if there is no structural difference
between subsequent frames. For example, acquisition of parallel
4CH slices could produce some frames, e.g. ES frame, in which the
LV blood pool is not visible. Assuming that in the frame before
it, both LV blood pool and myocardium are visible, the endo-
cardial contour would not propagate properly from the frame
before the ES frame to the ES frame. Nevertheless, this issue
can be resolved by checking for LV blood pool existence for
each frame before prorogating to the next one. In case of fail-
ure, these frames (where LV blood pool is not visible) should be
skipped.
In conclusion, an automated tool is proposed for segmentation
of the myocardium in cMRI apical sequences, throughout the entire
cardiac cycle. The method can be utilized to assess LV function
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